Based on a set of subjects and a collection of descriptors obtained from the Alzheimer's Disease Neuroimaging Initiative database, we use redescription mining to find interpretable rules revealing associations between these determinants which provides insights about the Alzheimer's disease (AD). In particular, we applied a four-step redescription mining algorithm (CLUS-RM), which has been extended to engender constraint-based redescription mining (CBRM) and enables several modes of targeted exploration of specific, user-defined associations. Redescription mining enabled us to find specific constructs of clinical and biological descriptors describing many groups of subjects of different size, homogeneity and with different levels of cognitive impairment. To a large extent we confirmed known findings, previously reported in the literature. However, several redescriptions contained biological descriptors that differentiated well between the groups and for which connection to AD is still not completely explained. Examples include testosterone, ciliary neurotrophic factor, brain natriuretic peptide, insulin, macrophage migration inhibitory factor, Fas ligand and stem cell factor. The imaging descriptor Spatial Pattern of Abnormalities for Recognition of Early AD and levels of leptin and angiopoietin-2 in plasma were also found to be remarkably good descriptors, that may provide better understanding of AD pathogenesis. Finally, the most intriguing and novel finding was the high association of the Pregnancy-Associated Protein-A (PAPP-A) with cognitive impairment in AD. The high importance of this finding lies in the fact that PAPP-A is a metalloproteinase, known to cleave insulin-like growth factor binding proteins. Since it also shares similar substrates with A Disintegrin and Metalloproteinase family of enzymes that act as α-secretase to physiologically cleave amyloid precursor protein (APP) in the non-amyloidogenic pathway, it could be directly involved in metabolism of APP very early during the disease course. Therefore, further studies should investigate the role of PAPP-A in the development of AD more thoroughly.
Introduction
Data mining techniques come in two main forms: supervised and unsupervised. Supervised data mining methods use information about instance association with one or The most open-ended data-mining technique clustering [1] [2] [3] [4] [5] , finds and groups similar instances based on a predefined similarity measure. It is used when some obvious, natural grouping is unavailable but also to reveal new groups that were previously unknown to the researcher. However, since these approaches do not create interpretable rules, users have to perform statistical analysis of obtained clusters and manually find interesting correlations between different attributes. A special form of clustering called conceptual clustering [6, 7] aims at finding clusters that can be described with concepts derived by using some description language.
Association rule mining [8] is an unsupervised method with a different goal. It finds implication associations between different attributes. These associations are usually selected by defining a threshold on observed frequency of items for which the one-directional association is valid or the proportion of items satisfying antecedent for which the consequent is also valid.
Subgroup discovery [9, 10] finds queries describing groups of instances having unusual and interesting statistical properties on their target variable which are often unavailable in purely descriptive tasks while Contrast Set Mining [11] identifies monotone conjunctive queries that best discriminate between instances containing one target class from all other instances.
Redescription mining, introduced by Ramakrishnan et al. [12] , finds different subsets of items that can be characterized by using one or more sets of disjoint attributes (also called views). Such subsets that can be described by different sets of attributes are considered relevant knowledge that should be explored in more detail. As opposed to association rule mining that provides one-directional associations (implications), the redescription mining provides stronger equivalence relations between sets of attributes contained in redescription queries. One can obtain redescriptions from association rules by combining two or more association rules, using appropriate views to construct antecedent and consequent, into redescriptions. Such approach, however, can not match redescription mining in the quality and quantity of produced redescriptions. Properties of redescription mining makes it suitable to use in relating different biological attributes, for many of which the role and the effects to the cognitive impairment is still unknown or only scarcely explored, to the clinical attributes used to detect the potential impairment and make the preliminary diagnosis. At the same time, the approach allows combining results of many different cognitive tests which increases the reliability of obtained results. Compared to single or multi-view clustering, redescription mining produces short and comprehensive rules describing groups of instances. Also, there is an important difference in the clusters produced by these approaches. Clustering groups instances based on their similarity in values of one or more sets of attributes which allows one instance to be added to a group even though its similarity in smaller subset of attributes is not necessarily large. Redescription mining enforces strict rules for membership in a group. All instances must be described by exact queries which must be logically valid for all instances in a group. This, combined with the goal of creating short and understandable redescriptions makes the comparison between obtained groups in clustering and redescription mining very difficult. Unlike conceptual clustering, redescription mining allows describing similar sets of instances with more than one set of descriptors which is necessary to relate clinical and biological attributes.
Two-view data association discovery [13] aims at finding a small, non -redundant set of associations that provide insight in how two views are related. Produced associations 2/22 can be implications or equivalences as opposed to redescription mining that only produces equivalence associations providing interesting descriptions of instances. This approach is interesting, though we aim at discovering interesting associations between different sets of attributes on different support levels and relating it to the AD, instead of using compressed representations of associations between the views which might reveal better structure but could more easily omit attributes potentially interesting for investigation.
In this work, we analyse the data obtained from the Alzheimer's Disease Neuroimaging Initiative (ADNI) database [14] , containing clinical and biological measurements (listed at http://adni.bitbucket.org/) for subjects tested for presence of Alzheimer's disease (AD) and the level of subject's cognitive impairment. These attributes and connections between them have been studied before [15] [16] [17] [18] in order to improve the understanding and gain new insights about Alzheimer's disease (AD). The clinical attributes contain numerous questionnaires and assignments designed to test cognition and memory with the hope of early detection of AD. These tests are carefully designed, studied and regularly updated to increase the detection of various forms of cognitive impairment. Many such tests exist [19] , but there is no unique measure [17] which can be used to reliably make the diagnosis. Thus, there are many benefits of combining different tests to obtain more reliable results. The biological attributes contain a number of brain images such as MRI and PET scans with some related and derived scores. Biological attributes also contain several blood tests and information about the subjects' genetic markers. These attributes are less reliable, but actively researched to aid in the detection of AD and to understand the processes that cause it. Our goal is to relate clinical attributes, potentially combining many different cognitive tests, with still unexplored biological attributes and combinations thereof. This allows the analysis of biological attributes and their values, increasing our understanding of potential causes and effects of different levels of cognitive impairment. We use information about the level of subjects cognitive impairment (target class) as independent information to assess the homogeneity of described groups, to relate descriptions of groups with higher level of impairment to subjects with normal cognition and to assess the overall interest in obtained redescription for our analysis. Unlike subgroup discovery which searches groups with unusual distribution of target variable, we are interested in groups describing patients with high level of cognitive impairment and consider homogeneous groups, with respect to the target variable, as very interesting for exploration.
A major benefit of using redescription mining is that it provides short and understandable rules describing a set of subjects of interest. These rules can be examined and analysed, thus making it easier to form testable hypothesis that can be studied and developed further.
Redescription mining
We apply redescription mining [12] on a dataset D, containing |D| instances and two disjoint sets of attributes (views, denoted with W 1 and W 2 ) describing these instances. Redescriptions are tuples of queries, containing one query per view. Each query is a propositional logic formula that can contain conjunction, disjunction or negation operators and is used to define conditions on values of a subset of attributes from a particular view. Since in this work we use two views, all redescriptions have a form R = (q 1 , q 2 ). We denote a set of instances described by a query q i with supp(q i ). The support of a redescription is the set of instances described by all queries that constitute this redescription. In our specific case: supp(R) = supp(q 1 ) ∩ supp(q 2 ). The approach works with Boolean, categorical or numerical attributes [20] with possible missing values [20] [21] [22] .
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Two main measures [23] are used to evaluate the quality of redescriptions: the Jaccard index and the p-value. The Jaccard index measures the accuracy of a redescription while the p-value denotes the statistical significance of observed redescription.
For a redescription R = (q 1 , q 2 ), the marginal probability of a query q 1 , q 2 is computed as p 1 = 
For a given redescription R = (q1, q2), the pV (R) represents a probability of obtaining a set of a size equal to or larger than supp(R) from a data set containing |D| instances, as an overlap of sets supp(q 1 ) and supp(q 2 ), where corresponding queries q 1 and q 2 are selected independently at random with marginal probabilities p 1 and p 2 . Redescription R ex = (q 1 , q 2 ), whose queries are defined as:
93, provides alternative description of 156 different normal control subjects. Query q 1 describes subjects with clinical attributes memory score (CDMEMORY), total score in geriatric depression scale (GDTOTAL), score on a question Do you think its wonderful to be alive now? (GDALIVE) while query q 2 describes subjects by using biological attributes such as percentage of Eosinophils (HMT18) and a Spatial Pattern of Abnormalities for Recognition of Early Alzheimer's disease (SPARE_AD). A set of subjects described by at least one query of redescription R ex contains 220 subjects. The Jaccard index (accuracy) of this redescription is 0.709. For a majority of subjects that are described by at least one of these queries, both queries are valid. The redescription is statistically significant with the p-value < 2 · 10 −17 . That means that it is highly unlikely that we would observe a redescription of this support size or larger given that we combine two statistically independent queries, with marginal probabilities p 1 = 204 820 = 0.25 and p 2 = 172 820 = 0.21, into a redescription R ex . Several redescription mining algorithms with different properties exist in the literature. Ramakrishnan et al. [12] . present an algorithm to mine redescriptions based on decision trees, called the CARTwheels. The algorithm works by building two decision trees (one for each view) that are joined in the leaves. Redescriptions are found by examining the paths from the root node of the first tree to the root node of the second and the algorithm uses multiclass classification to guide the search between the two views. Other approaches include the approach proposed by Zaki and Ramakrishnan [24] , which uses a lattice of closed descriptor sets to find redescriptions, the approach by Parida and Ramakrishnan [25] for mining exact and approximate redescriptions based on relaxation lattice, Gallo et al. [26] present the greedy algorithm and the MID algorithm based on frequent itemset mining.
Galbrun and Miettinen [20] extended the greedy approach by Gallo et al. [26] to allow using numeric and categorical data as opposed to previous approaches working only on Boolean data. Recently, two novel tree-based algorithms were proposed by Zinchenko [27] , which explore using decision trees in a non-Boolean setting and present different methods of layer by layer tree construction, which allows using nodes at each level of the trees to create redescriptions.
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To create redescriptions, we use the CLUS-RM algorithm [21, 22] based on Predictive Clustering trees (PCT) [28, 29] . The main advantage of this algorithm is that it can produce many different redescriptions that are used to optimize redescription sets of user-defined size. The redescriptions are chosen to be accurate, significant and maximally non redundant with respect to redescription supports and attributes in redescription queries. The comparative results with the ReReMi algorithm [20] (the only other state of the art redescription mining algorithm able to work with missing values) performed in [22] showed that redescription sets produced by this algorithm contain much larger number of diverse redescriptions (especially those containing only conjunction operator in its queries). It also showed that redescriptions created by CLUS-RM have higher accuracy than those produced by the ReReMi algorithm, based on a query non-missing Jaccard index, designed not to penalize redescription accuracy with instances that can not be evaluated, due to missing values, at any query contained in the redescription. Redescriptions containing only conjunction operator in its queries discover stronger connections between attributes than redescriptions containing all operators, because every attribute used in queries containing only conjunction operator must describe all instances from redescription support. At the same time, queries containing only conjunction operator are more understandable and usually shorter than those containing combination of all operators. Because of this, we believe applying CLUS-RM with restriction to use of conjunctions to ADNI data is the right choice that may reveal useful medical hypothesis that can be further developed by the domain experts.
Work related to understanding cognitive impairment
Considerable work has been oriented at understanding the role of biological or clinical attributes and determining the correlations between different attributes, as well as the predictive power of these attributes for assessing the level of cognitive impairment.
Researchers have used neural imaging (MRI, PET-scan etc.) [30] [31] [32] to predict levels of cognitive impairment. Doraiswarny et al. [33] studied PET images in the presence of cognitive decline. Donovan et al. [34] studied correlations between regional cortical thinning and the worsening of apathy and hallucinations. Guo et al. [35] studied the effects of intracranial volume to the association between clinical disease progression and brain atrophy or apolipoprotein E genotype. Hostage et al. [36] studied the effects of apolipoprotein E (APOE) ε4 and ε2 on hippocampal volume. Scientists have also studied the role of apolipoprotein E [37] in early mild cognitive impairment. This is just a sample of the huge set of studies of correlations between biological, clinical attributes and the level of cognitive impairment. The more extensive list can be found at http://adni.loni.usc.edu/news-publications/publications/.
Recently, Gamberger et al. [38] used a novel multi-layer clustering method to identify clusters of AD patients with respect to several clinical and biological descriptors [17] . The same method was applied [16] to detect differences between clusters containing male and female patients. Breskvar et al. used PCTs [18] to discover and analyse patient clusters. They focused on relations between biological features and the progression of AD by observing the behavioural response of patients and their study partners (persons who are in frequent contact with the patient, study with the patient, and are able to make the assessment on patients functioning in daily life).
Materials and Methods
In this section we briefly describe the main parts of the CLUS-RM redescription mining algorithm, the extensions made to the algorithm to allow constraint-based redescription 5/22 mining and provide a detailed description of datasets we created and used as a source of information about subjects suffering from different levels of cognitive impairment.
Algorithm description
All experiments are performed with the redescription mining algorithm ( [21, 22] ) that uses PCT [29] to find descriptions of groups of instances (i.e., groups of patients, as is the case in our medical study). The algorithm consists of four main parts: 1) Initialization, 2) Query creation, 3) Redescription creation and 4) Redescription set optimisation.
In the initialization phase, the algorithm makes a copy of each instance from the original dataset and shuffles the attribute values for the copies. For each attribute, the algorithm selects a random instance from the dataset and copies its value for the selected attribute to the target copy. The procedure brakes correlations between attributes in the copied instances and allows PCT to create initial clusters by distinguishing between original instances and copies containing shuffled values. Described procedure is repeated for both views contained in the dataset.
Each cluster obtained by the PCT is associated to a rule which is valid for this group of instances. The next step is to describe the same group of instances with the second attribute set. To do this, for each instance, the algorithm constructs a set of target variables containing equal number of targets as number of rules constructed using the first set of attributes. The instance has a target value 1 on position j if it is described by the j-th rule from a set of rules constructed on the first set of attributes, otherwise the value is 0. We use the multi-target classification and regression capability of PCT to construct clusters on different views containing similar instances. The procedure is repeated by creating initial rules on the second view and finding descriptions of similar sets of instances by using attributes from the first view.
Once the algorithm obtains rules for both views, it combines them by computing the Cartesian product of two rule-sets. Each redescription is evaluated with various redescription quality measures which are used, in combination with user predefined constraints (such as minimal redescription accuracy, minimal support, maximal p-value), to select candidates for redescription set optimization.
Each redescription satisfying all user quality constraints is a candidate for redescription set optimization. Redescriptions satisfying all user-defined constraints are added to the redescription set until the maximal number of redescriptions (user-defined parameter) is reached. When this number is reached, the algorithm computes the score difference, defined in [21, 22] , between the new redescription and every redescription already contained in the redescription set based on redescription score. The score of some redescription R contained in the redescription set, based on described instances, is computed as redScoreInst(R) = The score of a newly created redescription R new is computed in the same way by using frequencies for all redescriptions except the one being compared with R new . The error score is computed as errSc(R) = 1.0 − J(R) and the final redescription score is computed as sc(
The user -defined weights α k regulate importance of different scores which affect the properties of the resulting redescription set. In this 6/22 work, we use α k = 1 3 . Redescription contained in the redescription set with the highest score difference with the newly created redescription is replaced thus improving the overall redescription set quality. At each redescription exchange all frequency scores are updated.
Constraint-based redescription mining
In this work, we extend CLUS-RM algorithm to constraint -based redescription mining setting. Constraint -based redescription mining, first defined in [24] , allows placing additional constraints on redescriptions such as defining a set of attributes that must occur in redescription queries. The constraints are in the form C = {C 1 , C 2 , . . . , C n }, where each constraint C i specifies a set of attributes that must occur in redescription queries. At least one constraint C i must be satisfied by a redescription to be presented to the user. We denote this original definition as strict constrained redescription mining. In practice, various less strict versions of contrainted redescription mining might be useful. That is why we allow two additional modes of constrained redescription mining:
1. Soft constraint -based redescription mining: there must exist at least one constraint C i ∈ C such that a part of defined attributes occurs in redescription queries. Satisfying larger portion of constraints is favoured by the redescription evaluation score.
2. Suggested constraint -based redescription mining: defined constraints are used as suggestions that increase the overall redescription score depending on the number of satisfied constraints, however high quality redescriptions not satisfying any of these constraints can also enter redescription set if their total score is high enough.
Suggested constraint -based redescription mining can be used when the expert, knowing the research domain, suggests a set of attributes that may be more interesting to explore, though at current stage there is no immediate focus on any particular hypothesis. Soft constraint -based redescription mining can be used when a set of attributes of interest has been determined but further study of their interactions is needed to form, refine or confirm the expert hypothesis. Strict constraint -based redescription mining can be used when the expert already has a hypothesis and wants to explore the specified associations in more detail.
To allow constraint -based redescription mining, we extend CLUS-RM algorithm with a new score scConstr, which is used in suggested constraint -based redescription mining to increase the overall score of a redescription satisfying user-defined attribute constraints. The score is defined as:
. The first term in the score rewards redescriptions satisfying higher fraction of constraints from some set C i . Due to the fact that more disjoint or partially overlapping constraint sets can be given and the fact that some redescriptions can satisfy parts of larger number of constraint sets C i , we take the maximum score achieved among constraint sets as a quality of redescription -thus favouring compliance with larger number of constraints from a single constraint set. The second term favours redescriptions that, among the attributes contained in their queries, have larger fraction of attributes of interest to the user. Here, we reward satisfied constraints from any constraint set defined by the user. The score used for soft constraint -based redescription mining is defined as:
otherwise Similarly, the score used for strict constraint -based redescription mining is defined as:
k=1 α i = 1 and redScoreConst(R) denotes any variant of the constraintbased score chosen by the user. Redescriptions with the score value of ∞ are not allowed to enter redescription set.
With the proposed extension, the CLUS-RM is the only redescription mining algorithm capable of performing constraint -based redescription mining on categorical, numerical and data containing missing values.
Data description
For this study, we extracted data from the ADNI database [14] . The basis of our datasets was contained in the adnimerge data table, which contains measurement of several clinical (attributes derived by using questionnaires, observations by doctors and other tests measuring level of cognition) and biological attributes (different blod tests, genetic markers, brain images, volumes etc.) for 1,737 subjects. By examining these subjects, we noticed two distinct groups of subjects for whom some additional distinct attributes have been measured. Because of this, we created and studied three related datasets. The division of attributes to clinical and biological forms two disjoint sets of attributes that are used as views in redescription mining.
The first dataset (D 1 ) contained 1,737 subjects: 417 with the diagnosis of control normal (CN), 106 with significant memory concern (SMC), 310 with early mild cognitive impairment (EMCI), 562 with late mild cognitive impairment (LMCI) and 342 subjects diagnosed with AD. The dataset contained a number of biological attributes such as APOE genotype, different brain measurements, such as the volume of the whole brain, the hippocampus, ventricles and many other structures, including brain images obtained by using the 18 fluorodeoxyglucose (FDG)-PET method. The dataset contained various blood analysis such as levels of white and red blood cells, protein and glucose levels, and many others. It also contained a number of neuropsychological tests, such as the Alzheimer Disease Assessment Scale (ADAS11, ADAS13, etc.), several different Rey Auditory Verbal Learning Tests (RAVLT), Mini-Mental State Examination (MMSE), Functional Assessment Questionnaire (FAQ) and others, including several attributes related to clinical dementia rating (CDR) and geriatric depression scale (GDS). Several features describing the subject's symptoms, such as nausea, vomiting, sweating and results of various neurological examinations were also included.
The second dataset (D 2 ) contained 918 subjects: 188 with diagnosis of CN, 106 diagnosed with SMC, 310 with EMCI, 164 with LMCI, and 150 suffering from AD. This dataset, in addition to features contained in the first dataset, contained several features describing subject performance on Montreal Cognitive Assessment (MOCA) and features related to the Eastern Cooperative Oncology Group (ECOG) Scale of Performance Status. It also contained values of cerebrospinal fluid (CSF) biomarkers, total tau and phospho-tau levels.
The third dataset (D 3 ) contained 820 subjects disjoint to the subjects from the second dataset. There were 229 subjects with diagnosis of CN, 0 with SMC, 1 with EMCI, 398 with LMCI and 192 with AD. It was extremely useful to study the differences and special properties of healthy subjects as compared to patients with severe stages of dementia. This dataset lacked information about ECOG Scale of Performance Status, MOCA and information about CSF biomarkers, but it contained several additional attributes related to hormones and proteins measured. It also contained information about total cranial vault segmentation and plasma biomarkers Aβ 1−40 and Aβ 1−42 . One particularly useful imaging attribute measured Spatial
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Pattern of Abnormalities and was specifically constructed to help in early detection of AD. The AD assessment scale contained many additional attributes corresponding to different cognitive tasks, the full set of attributes being publicly available on the ADNI web page http://adni.loni.usc.edu/.
Experiments
Our main goal was to study clinical and biological attributes, and to find interesting relations among them. To retrieve maximum information from and obtain deeper insight into the data, we divided redescriptions by the number of described subjects and used the diagnosis of the level of cognitive impairment to further assess the relevance and interestingness of the obtained redescriptions. For each dataset, we created four redescription sets containing redescriptions describing [5, 10] , [11, 39] , [40, 99] and at least 100 patients. The maximum cluster size was set to approximately 50% of patients contained in the dataset. Descriptions of most interest in this study concern subsets of subjects diagnosed with AD or high level of cognitive impairment. Higher homogeneity of subjects described by such redescriptions, with respect to diagnosis, reflect the importance of the attributes used in redescription queries for the understanding of cognitive impairment. We use only conjunction operator as the most informative and interpretable logical operator. Each set contains 100 redescriptions with a minimal Jaccard Index of 0.2 and a maximal p-value of 0.01. Allowed support intervals, as well as other parameter limits were found through experimentation. The majority of redescriptions contained up to 8 attributes per query.
Since PAPP-A showed interesting associations with cognitive impairment in the experiments described above, we performed a constraint -based redescription mining with the same algorithmic parameters but focusing redescription search on redescriptions containing pregnancy associated plasma protein A (PAPP-A) in the redescription queries. We created one redescription set containing 100 redescriptions all of which describe at least 100 patients.
Results
We merged all four redescription sets created on each dataset (D 1 , D 2 , D 3 ) and formed one larger redescription set (RS) per dataset, denoted R 1 , R 2 , R 3 . For the obtained redescriptions, contained in the corresponding redescription sets (R 1 , R 2 , R 3 ), we analysed the homogeneity of the described subsets of subjects with respect to the level of cognitive impairment (CN, SMC, EMCI, LMCI and AD) by computing the entropy of described subject's medical diagnosis (demonstated in Fig. 1 ). To get information about quality of redescription sets produced with different support intervals (1., 2., 3., 4. in Fig. 1 ), we plot entropy distributions (i in Fig. 1 ) and distributions of redescriptions' Jaccard index (ii in Fig. 1 ).
Dataset structure made it easier to distinguish between different groups of patients for dataset 3 which can be seen from Fig. 1 . Here, we obtained many clusters of various size, homogeneous with respect to medical diagnosis, which gives us confidence that we found attribute combinations and numerical intervals useful for the analysis and understanding of cognitive impairment connected to AD.
The entropy increases with the increase of the number of described patients, while the Jaccard index shows stronger associations in redescriptions with support size in the first and the last interval. Redescriptions describing the smallest number of subjects (the last interval) use larger number of attributes with very specific numerical intervals to isolate groups of subjects that are very homogeneous with respect to the medical diagnosis and describe many different groups of patients suffering from severe cognitive impairment (LMCI, AD). In contrast, many accurate redescriptions (in the first interval) use larger numerical intervals, thus often describing subjects with various levels of cognitive impairment. The algorithm, however, managed to find accurate redescriptions of subgroups of CN patients in this interval which, also contributes to accuracy higher than that for the middle two intervals. The data contains missing values and due to errors in measurements and data processing, we suspect that some level of noise is also present. Both factors negatively affect the Jaccard index.
By analysing redescription sets, we found useful information related to patients with cognitive impairment. From the clinical attributes, we noticed high usage of ADAS, MOCA, Geriatric Depression Scale, Rey Auditory Verbal Learning Test (especially the percent forgetting), and Mini Mental State Exam (MMSE) attributes to describe patients suffering from various levels of cognitive impairment. Even though there are instances where some subjects with diagnosis CN fall in the identified intervals of values for these attributes. Attributes connected to Clinical dementia rating distinguish well between patients with diagnosis CN and those with different levels of impairment. Redescriptions mostly contain the attributes CDMEMORY, CDGLOBAL and CDR-SB (clinical dementia rating sum of boxes). From the biological attributes, we often encountered attributes connected to brain volume, hippocampus, various blood and urinary tests (attributes HMT and RCT), intra-cranial volume (ICV), 18 fluorodeoxyglucose -positron emission tomography (FDG-PET) and 18 F-florbetapir (AV45). These attributes have been studied before by Gamberger et al. [16, 17] . We noticed that the biological attribute called SPARE_AD (Spatial Pattern of Abnormalities for Recognition of Early AD) correlates very well with the subject's diagnosis and occurs frequently in redescriptions constructed on dataset 3 that contains it. Also, the gene variant APOE ε4 is present exclusively in redescriptions describing patients diagnosed with LMCI and AD.
By observing redescriptions describing very homogeneous groups of patients with high level of cognitive impairment (LMCI and AD), we discovered groups where testosterone levels are significantly decreased. Although most studies (e.g. Zhao et al. [39] ) and meta-analyses showed no differences in plasma levels of testosterone between AD and matched controls (e.g. Xu et al. [40] ), there are some studies, such as the one of Hogervorst et al. [41] , that found low free testosterone to be an independent risk factor for AD. Plasma testosterone levels display circadian variation, peaking during sleep, and reaching a lowest level in the late afternoon, with a superimposed ultradian rhythm with pulses every 90 min reflecting the underlying rhythm of pulsatile luteinizing hormone (LH) secretion [42] . The increase in testosterone during sleep requires at least 3 hours of sleep with normal sleep architecture. However, since noradrenergic locus coeruleus and serotonergic dorsal raphe nucleus are among the first neurons affected by neurofibrillary tau pathology, their changes lead to the early and prominent deterioration of the sleep-wake cycle in AD (for a review, see Šimić et al. [43] ), which may add to a reduction of testosterone levels with advancing age. Experimental data obtained in animal models of AD suggest that low levels of testosterone increase Aβ and tau pathology through both androgen and estrogen pathways (testosterone is metabolized in the brain into androgen dihydrotestosterone, DHT, and 17β-estradiol, the E2 estrogen) [44, 45] .
Unlike previous scarce data and negative correlation [46] , we also found the levels of ciliary neurotrophic factor (CNTF) in plasma in several redescriptions describing subjects with high level of cognitive impairment, together with decreased levels of leptin. This is in agreement with the results of Marwarha and Ghribi [47] , showing that lower leptin levels are detected in AD patients and that it can be a possible target for developing supplementation therapies for reducing the progression of AD. The same group of subjects had increased levels of plasma angiopoietin-2, which is in agreement Fig 1. Entropy (i) and Jaccard index (ii) value distributions for the redescription sets created on each dataset (first dataset -R 1 at the top, third dataset -R 3 at the bottom). We create four redescription sets 1. − 4. per dataset so that the number of described subjects in each redescription (from a particular redescription set) falls in the corresponding interval shown on the y-axis.
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with research by Thirumangalakudi et al. [48] and research by Grammas et al. [49] , that revealed elevated expression of angiopietin-2 in the brains of AD subjects and the transgenic AD mice, respectively.
Increased levels of plasma brain natriuretic peptide (BNP) were found in several redescriptions containing patients with severe cognitive impairment. Previous research [50] suggested that this peptide has more significant association with vascular dementia than with AD. This could suggest either that this group of subjects, described by redescriptions containing BNP attribute, suffered from both types of dementia (mixed dementia), or that these cases do not suffer from AD but indeed suffer from vascular dementia.
Finally, we also found alteration in plasma levels of several other attributes, whose relationship with AD has been proven in the literature. This include increase in serum apolipoprotein B [51] , plasma insulin [52] , CSF macrophage migration inhibitory factor (MIF) [53] and Fas (CD95) ligand in AD brain [54] . They also include decrease in plasma and CSF levels of stem cell factor (SCF) [55] .
For each redescription set, we extracted one interesting, statistically significant redescription and displayed its queries, along with the diagnosis distribution of the patients described by this redescription (demonstrated in Fig. 2 ).
Fig 2.
Example redescriptions (one for each dataset), each describing at least 100 patients. All patients described are diagnosed with EMCI, LMCI or AD. ADNI tables containing attribute codes of the example redescriptions can be seen in electronic supplementary documents S1 Appendix, S2 Appendix and S3 Appendix. A short attribute descripton can be seen at http://adni.bitbucket.org/.
The three redescriptions (from top to bottom) describe 602, 118 and 365 patients, respectively with different proportion of EMCI, LMCI and AD diagnosis. The queries mostly contain well known attributes available at http://adni.bitbucket.org/. The clinical attributes contained are memory score, Clinical Dementia Rating Scale Sum of Boxes (CDRSB), judgement and problem solving score (CDJUDGE), Alzheimer's Disease Assessment Scale (ADAS), Mini Mental State Exam (MMSE). The biological attributes used contain neutrophils (HMT8), 18 F-florbetapir (AV45), 18 fluorodeoxyglucose -positron emission tomography (FDG-PET), Spatial Pattern of Abnormalities for Recognition of Early Alzheimer's disease (SPARE_AD) and Pregnancy-Associated Protein-A (PAPP-A) measurements. The redescriptions are statistically significant and describe 46%, 20% and 62% of all patients with some level of cognitive impairment contained in the corresponding dataset.
Next, we provide a short list of pairwise associations between attributes for the analysed datasets. To obtain these associations we focused on redescriptions describing patients with some level of cognitive impairment. Further, we computed associations between pairs of attributes (bio-bio, clin-clin and bio-clin), measured by the number of their co-occurrences in the queries of selected redescriptions. The values of these co-occurences can be seen in Table 1 . Finally, we merged all redescriptions computed on all three datasets to obtain global information about pairwise attribute associations (set ∪ 3 i1 R i ). We do this for each attribute pair on all three datasets. Besides the associations, we also computed the pairwise attribute correlations, by using values of all subjects in the corresponding dataset for the selected pair of attributes, and the statistical significance of these correlations. For each attribute we performed the Kolmogorov-Smirnov test to assess if its values, for subjects contained in the dataset, follow normal distribution. If we obtain p-values smaller than 0.05 for both attributes in the pair, we compute Pearson correlation coefficient, otherwise we compute the Spearman's correlation coefficient and the appropriate p-value of the corresponding significance test. Table 1 shows high association between FDG-PET and the volume of the hippocampus, the entorhinal cortex, as well as an attribute related to the volume of the lateral ventricles. High association was also found between intracranial volume and creatine kinase levels. This enzyme is present in greatest amounts in skeletal muscle, myocardium, and brain. The FDG-PET attribute often occurred in the same descriptive rules as the attribute measuring the level of vitamin B12. Administering of vitamin B12 is known to sometimes improve cognition when there is insufficient level of B12 in the organism [56, 57] . The incidence of AD increases with age and in fact, elderly people show deficiency of vitamin B12, mainly due to the impaired vitamin B12 uptake in the gastrointestinal tract [58] . AD patients also have increased homocysteine levels in the blood. Since homocysteine is directly associated with brain atrophy, it is believed that vitamin B12 supplementation (that reduces homocysteine levels) can actually slow the progression of brain atrophy [56] . However, since meta-analyses failed to prove [59, 60] the connection of vitamin B12 supplementation with homocysteine levels and improved cognition, further studies should be conducted to resolve this issue. The correlation between FDG-PET and B12 values on our dataset was not statistically significant, though it may be more pronounced on a subset of subjects (for instance those above a certain age). It has been reported [61] that diagnosis based on FDG-PET can lead to false diagnoses of AD, where patients are cognitively normal or have reversible cognitive impairment.
The clinical attributes ADAS, MOCA, MMSE, CD, FAQ and RAVLT co-occurred frequently. Interestingly, the question number 13 (number of targets hit) from the ADAS test occurred very frequently in redescription queries. In this task, the participants are required to cross-out specific digits from a long list of digits. Correlations among the aforementioned attributes were strong and statistically significant.
There was a high association of the ADAS, CD and MOCA clinical attributes with FDG and SPATIAL_AD, the volume of the entorhinal cortex and the hippocampus, etc. Correlations between these attributes were statistically significant. One interesting association is that between CDRSB and PAPP-A which is used in screening tests for Down syndrome. CDRSB and PAPP-A were negatively correlated (−0.15) and the correlation was statistically significant at the significance level of 0.01.
Motivated by the statistically significant association between PAPP-A and CDRSB, Table 2 . Top four associations of PAPP-A with other attributes based on attribute pair occurrences in redescription queries obtained by using constraint-based redescription mining. The numbers represent co-occurrence frequencies of attribute pairs in redescriptions. The produced redescription set contains 100 different redescriptions. Below the attribute pair, we give information about the correlation between the attributes in the same format as in Table 1 . we used constraint-based redescription mining to focus only on redescriptions containing PAPP-A as one of the attributes in the redescription queries. The associations, obtained from the resulting redescription set containing 100 redescriptions, are presented in Table 2 . The associations presented in Table 2 show that PAPP-A occurs frequently in redescription queries together with the clinical tests CDMEMORY, CDRSB, MMSE and ADAS13. Correlations between PAPP-A and all these attributes were statistically significant at the significance level of 0.01. Interestingly, SPARE_AD and PAPP-A occurred in every redescription from the redescription set obtained with constraint-based redescription mining. As noted earlier, the correlation between these two attributes was not statistically significant when measured for all subjects in the dataset, however the correlation (Spearman's ρ = −0.096) was statistically significant (with p = 0.026) when measured for subjects with AD and LMCI at the significance level of 0.05. The fact that every redescription in the redescription set obtained with constraint-based redescription mining described exclusively subjects with AD and LMCI possibly explains the high frequency of association between those attributes and necessitates further exploration of the role of PAPP-A in AD and LMCI. Additionally, we found an interesting association between PAPP-A and two biological attributes: the volume of the entorhinal cortex and the volume of the fusiform gyrus. Correlations between PAPP-A and these biological attributes were statistically significant at the significance level of 0.05.
Conclusion
The redescription mining approach to segmenting high-dimensional datasets offers several advantages over classical clustering, subgroup discovery and association mining, such as the capability to generate relevant equivalence associations among combinations of attributes. We performed redescription mining experiments on three different datasets, created by extracting different sets of attributes from the ADNI database, and measured the redescription accuracy and the level of homogeneity (in terms of level of cognitive impairment) of the subjects described by each redescription. Basically, the main aim of our study was to differentiate between cognitively normal subjects and those with some level of cognitive impairment, using clinical and biological descriptors potentially related to AD. Our experiments over the constructed datasets were deliberately split into different levels of granularity in terms of subjects described with redescriptions to allow extracting general and specific, relevant AD-related information.
In this study, we found a number of surprisingly large and homogeneous groups and 15/22 many smaller, more specific subgroups of subjects that are described with informative redescriptions, in a large extent, confirming findings of previous works. After obtaining interesting and unexpected associations with PAPP-A, we used the introduced extensions to CLUS-RM algorithm to perform constraint-based redescription mining, allowing us to further explore associations of various attributes with PAPP-A. CLUS-RM is currently the only state of the art redescription mining algorithm capable of performing constraint-based redescription mining on data containing either numerical, categorical attributes or missing values. In addition, it is the only algorithm able to perform soft and suggested constraint-based redescription mining introduced in this work.
The clinical descriptor CDR (CDMEMORY, CDGLOBAL and CDR-SB) was shown to be a very good attribute for differentiating CN subjects and subjects with cognitive impairment. The gene variant APOE4 was associated with subjects with high level of cognitive impairment (LMCI and AD), whereas biological attribute SPARE_AD was highly correlated with subjects' diagnosis.
Additionally, high association of ADAS, CD and MOCA clinical descriptors with FDG, SPATIAL_AD, the volume of the entorhinal cortex and hippocampus were shown. When describing homogeneous groups of subjects with high level of cognitive impairment (LMCI and AD), the decrease of testosterone plasma levels, decrease of CNTF plasma levels and increase of BNP plasma levels were observed. Changes in other biological descriptors previously reported as being altered in AD, such as increase in levels of serum apolipoprotein B, plasma insulin, CSF MIF, Fas (CD95) ligand in the brain and decrease in plasma and CSF levels of SCF, were also observed.
Finally, probably the most important finding of this study was the detection of altered levels of those biological attributes, for subjects with cognitive impairment, that could have potential as therapeutic targets in AD, namely decreased leptin and increased angiopoietin-2 plasma levels. Decreasing leptin levels have been suggested to alleviate AD-related cellular changes in rabbit organotypic slices [62] and in human neuroblastoma cell culture [63, 64] , suggesting that lowered leptin levels detected in AD subjects can be a possible target for developing supplementation therapies for reducing the progression of AD. The finding of increased angiopoietin-2 plasma levels in AD patients is in accordance with the study of Thirumangalakudi et al. [48] , who showed that angiopoietin-2 is expressed by AD, but not control-derived microvessels, supporting the idea of targeting the angiogenic changes in the microcirculation of the AD brain as a potential therapeutic approach in AD [49] . It is evident from the above that analysing redescriptions from all three different datasets allowed finding many different associations. Some of these associations, such as SPATIAL_AD and PAPP-A are novel and require more in depth analysis with the supervision of domain experts. The correlation between SPATIAL_AD and PAPP-A is not statistically significant when computed for all subjects contained in the dataset R 3 , but it is statistically significant when computed only on subjects with AD and LM CI (which are the most interesting to study) at the significance level of 0.05.
The association of PAPP-A (previously known as pappalysin-1) with cognitive status is probably the most intriguing and novel finding of this study, as it has not been reported in such a context in the literature (PubMed search on 3 March 2016 with the keywords pappalysin-1 /Pregnancy-associated plasma protein-A (PAPP-A) and Alzheimer's disease revealed only one publication [65] . That work also used the ADNI database and the ensemble machine learning algorithm of Random Forests, which revealed high association of PAPP-A with depressive symptoms [65] . The high importance of our finding lies in the fact that PAPP-A is a metalloproteinase, already known to cleave insulin-like growth factor binding proteins (IGFBPs). However, since it also shares similar substrates with the A Disintegrin and Metalloproteinase (ADAM) 16/22 family of enzymes (the main group of enzymes that act as α-secretase to physiologically cleave the amyloid precursor protein (APP) in the so-called non-amyloidogenic pathway [66] , it could be directly involved in the metabolism of the amyloid precursor protein (APP). Based on the above, the role of PAPP-A in AD should be investigated in greater details.
